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Learning Vector Quantization

Learning Vector Quantization (LVQ) is an intuitive and powerful family
of prototype-based classification algorithms. Successful applications of
LVQ include such diverse problems like medical image or data analy-
sis fault detection in technical systems, or the classification of satellite
spectral data, Consider a finite set of training data {(Z.w)]f, given,
where £ € R" and v £ {1,...,C} specifies the dass labal sample Z.
From this data, LVQ algorithms leam of a set of labeled prototypes
W = [y clo)|B® = {1,....C})|_,. which approximate the classes. After
training, the prototypes are used for a nearest prototype classification.
The performance of LV systems highly depends on the use of an appro-
priate distance measure which has to represent the underying structure
of the data appropriately.

Cost function based training

The first LV training algorithms are based on heuristics. Later, algo-

rithms which optimize a cost function were proposed. In our work, we

focus on two different approaches:

= Generalized LV (GLVY)) [2]: Based an a heuristic cost function which
aims at margin optimization

wy: closest prototype with o{w) = u,
wy: closest prototype with c{w) # w,
¢: monotonically increasing function, e.g. identity, tanh.

« Robust Soft LVQ (RSLVQ) [3]: Based on a statistical modeling of the
given data distribution, i.e. the probability density is described by a
mixture modeling. The algorithm maximizes the likelihood ratio
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The RSLVQ cost function is defined in terms of Egsivg = logl(L).

Both methods optimize E based on the gradient information.

Metric adaptation

Parameterized distance measures allow to optimize the metric for every

given data distribution individually.

« Relevance learning: Extend the Euclidean distance by an adaptive
weight vector A € R4 =04 =1
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After training, A reflects the importance of the input features for classi-
fication. The approach allows to eliminate irrelevant/noisy dimension.

Relevance Matrices in LVQ

We propose to extend the squared Euclidean distance by a full matrix
A e [R"" of adaptive weight values

AME W) = (F—w)T A(E—w),

where ¥, A; = 1. We substitute A = (37 (1, {1 ¢ R™*", m < n to guarantee
positive definiteness.

» Generalization of relevance learning, diag(A) = A

« Additionally takes correlations into account

« Eigenvectors define new feature set

s d™Ew) = [(F - w))?

« Localized extenslon: & (& w) = (§ — w;)T A (E - w))

For training, the squared Euclidean distance in Egpyo and Egspvg IS re-
placed by 4. The new cost functions are optimized with respect to the
prototypes and .. We name the new algorithms Generalized Matrix
LVQ (GMLVQ) [1] and Matrix Robust Soft LVQ (MRSLVQ) [1].
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Results

Application: Image Segmentation Data Set (UCI Repository)
16 features, 7 classes
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Figure 1: Visualization of diagonal elements and eigenvalues of A
with 01 € R*=15 feft) and (t € B2 (right).
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Figure 2: Wisualization of off-diagonal elements of A with
1= R 1% (laft} and 01 € B2 (right).

Classification performance: 3

Algorithm Epesi
GLVQ 17%
GMLVQ(I & [271) 16.5%
GMLVQ( & 1% 1%) 9. 8%
Local GMLVQ 5.6% .
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Figure 3: Data transformed by (1 = RI%1E,

Regularization in Matrix relevance learning

# Aim: Prevent metric adaptation technigues from eliminating too many
dimensions

» Proposed regularization term: @ = In (det{11027))
«  punishes strong decays In the eigenvalue profile of A
« Extended GMLVQ cost function: Equnvg

Application: Pima indians diabetes data (UCI Repository)
& features, 2 classes
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Figure 4: Visualization obtained by GMLVQ-Training with 0 ¢ R**%
and g =0 {left), n = 0.2 (right).
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